A Comprehensive Method for Assessing Meat Freshness

Using Fusing Electronic Nose, Computer Vision, and Artificial Tactile Technologies by Weng, Xiaohui et al.
This is a peer-reviewed, post-print (final draft post-refereeing) version of the following published document, 
Copyright © 2020 Xiaohui Weng et al. This is an open access article distributed under the Creative 
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, 
provided the original work is properly cited. and is licensed under Creative Commons: Attribution-
Noncommercial-Share Alike 4.0 license:
Weng, Xiaohui, Luan, Xiangyu, Cheng, Kong, Chang, Zhiyong, Li, Yinwu, 
Zhang, Shujun ORCID: 0000-0001-5699-2676, Al-Majeed, Salah ORCID: 
0000-0002-5932-9658 and Xiao, Yingkui (2020) A Comprehensive Method 
for Assessing Meat Freshness Using Fusing Electronic Nose, Computer 
Vision, and Artificial Tactile Technologies. Journal of Sensors, 2020. Art 
No 8838535. doi:10.1155/2020/8838535 
Official URL: https://doi.org/10.1155/2020/8838535
DOI: http://dx.doi.org/10.1155/2020/8838535
EPrint URI: http://eprints.glos.ac.uk/id/eprint/8813
Disclaimer 
The University of Gloucestershire has obtained warranties from all depositors as to their title in the material 
deposited and as to their right to deposit such material.  
The University of Gloucestershire makes no representation or warranties of commercial utility, title, or fitness 
for a particular purpose or any other warranty, express or implied in respect of any material deposited.  
The University of Gloucestershire makes no representation that the use of the materials will not infringe any 
patent, copyright, trademark or other property or proprietary rights.  
The University of Gloucestershire accepts no liability for any infringement of intellectual property rights in any 
material deposited but will remove such material from public view pending investigation in the event of an 
allegation of any such infringement. 
PLEASE SCROLL DOWN FOR TEXT.
 A Comprehensive Method for Assessing Meat Freshness 
Using Fusing Electronic Nose, Computer Vision, and Artificial 
Tactile Technologies 
 
Xiaohui Weng,1,2,3 Xiangyu Luan,1 Cheng Kong,4 Zhiyong Chang,1,2 Yinwu Li,1,2                                                  
Shujun Zhang,2,5 Salah Al-Majeed,5 and Yingkui Xiao1 
1College of Biological and Agricultural Engineering, Jilin University, Changchun 130022, China 
2Key Laboratory of Bionic Engineering, Ministry of Education, Jilin University, Changchun 130022, China 
3School of Mechanical and Aerospace Engineering, Jilin University, Changchun 130022, China 
4College of Mathematics, Jilin University, Changchun 130012, China 
5School of Computing and Engineering, University of Gloucestershire, the Park, Cheltenham GL50 2RH, UK 
 
The traditional methods cannot be used to meet the requirements of rapid and objective detection of 
meat freshness. Electronic nose (E-Nose), computer vision (CV), and artificial tactile (AT) sensory 
technologies can be used to mimic humans’ compressive sensory functions of smell, look, and touch 
when making judgement of meat quality (freshness). Though individual E-Nose, CV, and AT sensory 
technologies have been used to detect the meat freshness, the detection results vary and are not reliable. 
In this paper, a new method has been proposed through the integration of E-Nose, CV, and AT sensory 
technologies for capturing comprehensive meat freshness parameters and the data fusion method for 
analysing the complicated data with different dimensions and units of six odour parameters of E-Nose, 
9 colour parameters of CV, and 4 rubbery parameters of AT for effective meat freshness detection. The 
pork and chicken meats have been selected for a validation test. The total volatile base nitrogen (TVB-
N) assays are used to define meat freshness as the standard criteria for validating the effectiveness of 
the proposed method. The principal component analysis (PCA) and support vector machine (SVM) are 
used as unsupervised and supervised pattern recognition methods to analyse the source data and the 
fusion data of the three instruments, respectively. The experimental and data analysis results show that 
compared to a single technology, the fusion of E-Nose, CV, and AT technologies significantly 
improves the detection performance of various freshness meat products. In addition, partial least 
squares (PLS) is used to construct TVB-N value prediction models, in which the fusion data is input. 
The root mean square error predictions (RMSEP) for the sample pork and chicken meats are 1.21 and 
0.98, respectively, in which the coefficient of determination (R2) is 0.91 and 0.94. This means that the 
proposed method can be used to effectively detect meat freshness and the storage time (days) 
 1. Introduction 
Meat contains a lot of easily digestible proteins, high-calorie fats, vitamins, and trace elements that are 
fundamental nutrients for human metabolism. So, meat is one of the most popular foods in the world [1]. 
From 2005, the average global meat consumption is about 110 grams per person per day [2]. Over the 
past 50 years, global meat production has almost quadrupled from 84 million tons in 1965 to a record of 
335 million tons of meat in 2018 [3]. The quality of meat is directly related to the health of consumers 
[4]. With continuous increase of human beings’ living standards, the quality and safety of food have been 
increasingly valued by consumers [5]. To meet the requirement of growing consumption and high-quality 
demanding, fresh meats have to be processed and transported in efficient and healthy ways. 
However, one significant problem is that the meat can be easily corrupted during processing and storage. 
In addition, some rogue traders sell metamorphic meats treated using chemical processes to make the 
metamorphic meats look fresh. The ordinary people cannot identify if the chemically treated meats are 
metamorphic or not. Consuming these kinds of meats imposes health risks. 
Meat freshness is an important indicator of the quality and the safety of meat products, which attracts 
intense attention of meat producers, sellers, and consumers [6]. Traditional methods used for determining 
meat freshness include sensory evaluations, chemical measurements, and microbiological measurements 
[7]. Sensory evaluations use human senses to provide information such as colour, odour, rubbery state, 
and the overall quality of meat [8]. However, there are a number of shortcomings in sensory analysis, 
such as the high cost of the expert team, the judgment deviations due to fatigue and subjectivity, and the 
fact that sensory analysis cannot be used for online measurement [9]. In general, chemical methods 
include the measurements of meat pH [7], total volatile base nitrogen (TVB-N) [6], and 2,3,5-
triphenyltetrazolium chloride (TTC) [10]. Chemical methods are objective and precise; however, they are 
normally used in laboratories, which are destructive and time-consuming [11]. Microbiological counting 
methods are also destructive and require a very long time for bacterial culture and cannot provide test 
results quickly and effectively [12]. Therefore, it is necessary to study new methods for efficient, cost-
effective, and nondestructive meat freshness testing to ensure meat’s quality and safety. 
Previous studies have shown that some rapid and nondestructive analysis techniques have been 
proposed for meat freshness assessment, such as electronic nose (E-Nose) [13– 15], electronic tongue 
[16–18], computer vision (CV) [19– 21], and spectroscopic technique [12, 22, 23]. Although these 
detection technologies have their own advantages, they can only be used to detect the certain aspects of 
meat freshness information; thus, they cannot be used to carry out a comprehensive assessment of meat 
freshness or spoilage [24]. For example, the E-Nose and the electronic tongue can only be used to detect 
 the volatile odour and taste of the meat; the CV cannot be used to detect the chemical information of the 
meat, and the spectroscopic technique cannot be used to catch the spatial distribution information in the 
samples [25]. However, the freshness decline of meat products is a rather complicated process, which is 
related to the interaction of various factors such as microorganisms and enzymes [26]. The main 
components of meat, such as proteins and fats, are decomposed by enzymes and bacteria, and this process 
produces a large amount of volatile organic compounds. This process releases odours that are unpleasant 
to the senses. At the same time, the colour of the meat surface becomes dark, and the texture as the 
rubbery state decreases as well. So, the indicators of meat freshness should include odour, colour, and 
rubbery state. Therefore, it is important and necessary that the meat freshness detection methods should 
have the functions to comprehensively and accurately detect the meat freshness information from 
different perspectives (the above four indicators). Besides, the capability of detecting the length of storage 
of the meats should be another important feature of a meat freshness detection system. 
Integrating a variety of nondestructive testing techniques can assess meat freshness from multiple 
perspectives. Nearinfrared spectroscopy, CV, and E-Nose technology were integrated into a method for 
detecting volatile base nitrogen in pork to assess pork freshness [27], and E-Nose and electronic tongue 
were also jointly employed in a new nondestructive detection method for fish freshness usage [28]. These 
studies mostly imitate human senses of smell, taste, and vision and use the fusion of artificial olfaction 
(E-Nose), artificial taste (electronic tongue), and artificial vision (CV) to evaluate meat freshness. But 
they do not involve mimicking human touch functions. If the structure of fresh meat is perfect, meat 
demonstrates good rubbery state and the proportion of the water holding capacity is high. With the 
decrease of its freshness, a series of biochemical reactions such as autolysis, bacterial growth, and 
reproduction in meat damage the integrity of the meat structure and hence reduce the rubbery state of 
muscle fibres. There is a clear relationship between the rubbery state of meat and the freshness. So, the 
rubbery state of meat should be used as an indicator for freshness evaluation. This is consistent with 
people’s natural way for evaluating meat freshness by touching meats to sense its rubbery state. 
A large amount of data is produced when using electronic measurement systems, so it is necessary to 
use statistical methods for analysing data for pattern recognition. Compared with a single analysis 
method, data fusion of complementary technology can provide more accurate sample knowledge and 
produce better inferences [29]. Electronic sensory measurements produce a large amount of data with 
various dimensions and units. The typical analysis methods are either nonsupervised or supervised 
algorithms. Principal component analysis (PCA) is a typical nonsupervised method used for pattern 
recognition. It creates new variables called principal components (PCs) from the linear combination of 
 the original variables, and the purpose is to reduce the dimensionality of the data set while retaining most 
of the original variability in the data [30]. Support 
vector machine (SVM) is a supervised machine learning algorithm that assigns objects to specific 
classes through a training set. The basic principle of SVM is to create an optimal hyperplane that separates 
data belonging to different classes which has the highest possible confidence interval [31]. PCA and SVM, 
as unsupervised and supervised pattern recognition methods, have been effectively used in electronic 
sensory analysis of food quality, and good classification results have been achieved [32–34]. So, in this 
paper, both PCA and SVM will be used in designing and developing algorithms for data analysis.
 
In this paper, a new method is proposed through the integration of E-Nose, CV, and AT sensory 
technologies for capturing comprehensive meat freshness parameters and the data fusion method for 
analysing the complicated data with different dimensions and units of 6 odour parameters of ENose, 9 
colour parameters of CV, and 4 rubbery parameters of AT for effective meat freshness detection. The 
pork and chicken meats will be selected for validation test. The total volatile base nitrogen (TVB-N) 
assays are used to define meat freshness as the standard criteria for the validation of the effectiveness of 
the proposed method. It is expected that the proposed method can be used to effectively detect meat 
freshness and the storage time (days). 
 
 2. Proposition of the New Methods forDetecting Meat Freshness 
2.1. Introduction. In this section, a new method was proposed for detecting meat freshness and the storage 
time in days using the fusion of E-Nose, CV, and AT to mimic human biosensing capabilities: olfactory, 
visual, and tactile. With the proposed method, all three aspects of meat’s freshness, the flavour, colour, 
and texture as the rubbery state, are integrated. The procedure of the proposed method is shown in Figure 
1. There are three steps: Step 1—sample preparation, Step 2—measurement of freshness parameters, and 
Step 3—data analysis and meat freshness detection. 
In Step 1, the number of the samples of the meat is firstly determined, and the samples should be 
processed following the standard meat experimental procedure. In Step 2, three kinds of measurements 
are designed for collecting the data related to odour, colour, and rubbery state and to store the data in a 
dedicated database. In Step 3, the data collected in Step 2 is analysed using data fusion analysis and 
pattern identification methods to detect the meat freshness. 
2.2. Step 1: Sample Preparation. The preparation of the fresh meat samples should be carried out as soon 
as possible following the standard meat experimental procedure. The number of the samples of the meats 
is firstly determined. Then, the fresh meats should be cut on a clean bench with a sterile cutter into the 
desired sample thickness and weight for the test; the shape of the meat sample is cube-like with 
approximately 10 ± 1mm in side length and 30 ± 1g in weight. If the measurements cannot be carried out 
immediately, the prepared fresh meat samples should be kept in a refrigerator, at 8°C. 
  
 
2.3. Step 2: Measurement of Freshness Parameters. In this step, three kinds of measurements are designed 
for collecting the data that is related to odour, colour, and rubbery and to store the data in a dedicated 
database, as show in Figure 2. An E-Nose with gas sensor array is selected to collect odour-related meat 
freshness parameters. Then, the maximum response of each sensor is extracted as a feature variable for 
ith sample (1). Repeating measurement for all samples forms feature matrix (2) for odour.  
         
where p is the number of feature variables of the E-Nose and n is the number of the samples. 
 To measure colour-related freshness parameters, a computer vision system is employed. A high-
resolution camera is used to take images of meats; then, the colour information is extracted as a feature 
variable for ith sample using an image processing method (3). Repeating measurement for all samples 
obtains feature matrix (4) for colour. 
       
 where q is the number of feature variables of the computer vision system. 
To measure elasticity-related freshness parameters, an artificial tactile system is used. Extracting the 
information related to the elasticity properties of the system yields the feature variables for ith sample (5). 
Repeating measurement for all samples produces feature matrix (6) for elasticity. 
 
where q is the number of feature variables of the artificial tactile system. 
2.4. Step 3: Data Analysis and Meat Freshness and Storage Time Detection. In Step 3, the collected data 
is analysed for detecting meat freshness with two outputs: (1) the duration of the storage in days and (2) 
the meat freshness, as show in Figure 3. There are three tasks: Task 1—data initial processing, Task 2—
data fusion, and Task 3—recording time detection and meat freshness. 
2.4.1. Task 1: Data Initial Processing. The data collected by the three measurement technologies have 
different dimensions. This dimension nonuniform issue should be firstly sorted out using a normalizing 
algorithm. The initialised data is then stored in separate data tables of a dedicated database. 
2.4.2. Task 2: Data Fusion. Fuse the initialised data representing odour, colour, and rubbery state features 
of the meats using feature-level fusion methods. 
 
  
2.4.3. Task 3: Recording Time Detection and Meat Freshness. Detect storage time using PCA and SVM 
algorithms, and detect meat freshness using the PLS algorithm with the TVB-N database. 
It has been known that a series of complex biochemical reactions occurs during the process of spoilage 
of meat products, and the corrupted meat decomposes to produce basic nitrogenous substances such as 
ammonia and amines. These substances are volatile in alkaline environments and are therefore called 
volatile base nitrogen. It has been found that the changes of the meat freshness are related to the changes 
of the amount of volatile base nitrogen [35]. So TVB-N is an accurate and reliable method for evaluating 
the freshness of meats. Therefore, in this paper, TVB-N is used as the criterion for establishing the 
relationships between the meat freshness and the three kinds of parameters used in the proposed method. 
3. Materials and Methods 
 
3.1. Sample Preparation. In this paper, two typical kinds of meats with the different characteristics of 
odour, colour, and rubbery state have been selected for tests: pork and chicken. The meat samples were 
the fresh pork loins and fresh chicken breasts purchased in the local market in Changchun City, Jilin 
Province, China. The fresh meats were kept in the laboratory refrigerator immediately after purchase. 
The delivery time from the market to the laboratory was less than 1 hour. The pork loins and chicken 
breasts were cut on a clean bench with a sterile cutter into the small samples of approximately 30 ± 1g
  
for the test. To minimise the effects of the meat freshness of the handling of the meat samples, there were 
no any other treatments before cutting and packaging. To increase the reliability of validation tests, 
twenty-eight samples of pork loins and chicken breasts were prepared, respectively. And then they were 
packed in commercial food preservation bags, sealed, and stored in a refrigerator at 8°C. 
In order to test the freshness of meat, the samples were stored for 7 days and experimented once a day. 
Eight experiments were carried out. The test of E-Nose, CV, and AT is nondestructive, but TVB-N is 
destructive. So, among 28 samples for both pork and chicken, 20 samples were used repeatedly for E-
Nose, CV, and AT experiments. Remaining 8 samples were used for the TVB-N test. The TVB-N values 
of the two kinds of meats as the criteria for establishing the relationships between the meat freshness and 
the three kinds of parameters for obtaining generic rules for freshness detection. 
1.2. The Measurement of the Parameters of Meat Freshness 
3.2.1. Measurement of the Odour-Related Features Using the E-Nose System. The odour of meat was 
measured using an innovative E-Nose system developed by the authors, as shown in Figure 4. It consists 
of three units: gas supply unit, sensor array unit, data acquisition, and processing unit. The sensor array 
consists of six metal oxide semiconductor gas sensors capturing most required gases released from meats. 
The gas sensors used in this E-Nose are the TGS series manufactured by Figaro, Japan. The response 
characteristics of these sensors are shown in Table 1. 
During the experiment, the E-Nose system was placed in a clean indoor air environment with an 
ambient temperature of 22 ± 1°C and a humidity of 60 ± 1%. To obtain the stable and reliable measurement 
results, the sensors were preheated for one hour before the formal tests. The meat samples were placed in 
Outlet 
 Gas supply device Data acquisition and processing system 
Figure 4: The components of the E-Nose system. 
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 a 500ml beaker which was sealed with a plastic wrap and enhanced desorption of volatile compounds 
from the meat into the headspace for 15 min in the test environment. At the beginning of the measurement, 
the sample’s headspace air was pumped into the sensor chamber at a flow rate of 300 ml/min using an air 
pump. The data acquisition frequency was 50 Hz, and the acquisition time was 60s. After each 
measurement, dry 
air was blown into the E-Nose system for 15min to completely clean it before the next experiment. 
3.2.2. Measurement of the Colour-Related Features Using the Computer-Vision System. The surface 
images of the sample meats were captured in a 50 × 50 × 50 cm dark box with four standard bulbs (2U5W, 
Philips, Germany) placed in the four corners above the box. The samples were placed in the middle of 
the bottom in the box, and a digital camera (EOS 60D, Canon Inc., Japan) was fixed above the box and 
perpendicular to the sample. 
 
The resolution of the images is 5184 × 3456 pixels. Camera parameters were set as follows: shutter speed 
1/80 seconds, manual operation mode, aperture AV F/10, ISO speed 320, and flash off. Before taking an 
image, a white card (white balance card, 21:59 × 27:94 cm, X-Rite) was used to customize the white 
balance for the calibration of the camera. 
The captured images were preprocessed using MATLAB software for the late analysis. 
 3.2.3. Measurement of the Rubbery State-Related Feature Variables Using an AT System. To mimic the 
process of using a human hand to touch meats for “sensing” the rubbery state of meat, in this paper, the 
WDW-20J electronic universal testing machine (Shanghai Hualong Test Instruments Corporation, China) 
was selected, as shown in Figure 5. The upper part is the indenter, and the lower part is the tray. The 
indenter is connected to the pressure sensor. During the tests, the meat samples move with the tray 
vertically. In this study, 10 times of trial screening and comparative evaluation tests have been carried 
out. Based on the trial results, it was found that an indenter diameter of 8mm and the vertical motion 
speed of the base tray of 100mm/min are the optimum combination of experimental parameters for the 
selected AT experiments. Besides, the tray was moved upwards and stopped at a vertical displacement of 
5mm; 
 
Figure 5: Schematic diagram of tactile test device. 
then, the pressure was recorded before it returned to the starting point at the same speed. 
Figure 6 shows a schematic diagram of the pressure characteristic curve of the meat samples. In the 
figure, F is the pressure, L1 is the maximum indentation depth when the meat is pressed, and L2 is the 
indentation that cannot be recovered when the meat is in touch with the indenter. 
3.2.4. The TVB-N Measurement. In this paper, the Chinese national standard method (GB/T 5009.44-
2003) for TVB-N measurement has been used for obtaining TVB-N values [36], since this is a national 
standard method in China. So this method was adopted for the experiments in this paper. 
In this method, there are 4 steps: Step 1—10 g meat is sampled, minced, and placed in a conical flask; 
Step 2—add 100ml purified water into sample, shake the mixture about 10 s, and soak for 30 min in the 
 test environment; Step 3—load 5ml of the filtrate into Kjeldahl distillation apparatus, add 5ml of a 10 g/L 
magnesium oxide solution, and let the filtrate distil for 5min; Step 4—absorb the distillate using 10 ml of 
20 g/L boric acid absorption solution, and then titrate with 0.1mol/L hydrochloric acid solution. The 
TVBN value was captured and expressed in mg/100 g [37]. Each experiment was repeated three times, 
and the average of the three TVB-N values was used as the measured values for comparative analysis and 
evaluation. 
1.3. Data Analysis 
3.3.1. Data Normalization Method. As discussed above, because the parameters for the three kinds of 
meat freshness parameters have different dimensions and unit magnitudes, it is necessary to normalize 
the data using a standardized transformation method, expressed in 
 
 
 
3.3.2. Data Fusion Method. Data fusion is the process of integrating multiple data sources to produce more 
consistent, accurate, and useful information than that provided by any individual data source. In general, data 
fusion methods can be divided into three levels: data-level fusion (low level), feature-level fusion (medium 
level), and decision-level fusion (high level). Data-level fusion directly fuses the raw data. The data of all 
sources is simply organised into a matrix in order. Feature-level fusion is to extract feature values for all data 
sources and then associate the feature values to form an array for multivariate classification and regression. 
Decision-level fusion calculates independent classifications or models from each data source and combines the 
results of each model to make comprehensive decisions [38]. Data-level fusion has the advantages of retaining 
majority overall information and higher accuracy. However, due to the fact that the amount of raw data of all 
sources can be very large, computation is heavy and it takes long time for reaching decisions so it is not feasible 
to use data-level fusion for real-time analysis. Decision-level fusion has the advantages of processing a 
relatively small amount of data and good fault tolerance, but a large amount of data has to be preprocessed, 
resulting in considerable information loss [9]. Feature-level fusion has the advantages of processing the 
moderate amount of data, modest degree of computational complexity, and reliable fusion performance. 
Therefore, in this paper, a feature-level fusion method is employed to establish a multisensor information fusion 
recognition model. 
4. Data Analysis and Meat Freshness Detection 
4.1. TVB-N Analysis. The TVB-N content is an important indicator for evaluating the freshness of meat [39]. 
Figure 7 shows the experimental results of the changes of TVB-N amounts with the storage time of both the 
pork and chicken meat samples. As expected, the TVB-N amounts of both pork and chicken samples increased 
with storage time. This is due to the fact that the number of spoilage organisms increases as storage time 
increases, and the production of amines and other basic nitrogen compounds increases so that the TVBN 
production rises. According to the livestock and poultry meat freshness standard, if the TVB-N value is less 
than 15 mg/100 g, the meat is fresh; if the TVB-N value is between 15 and 25mg/100 g, the meat is subfresh; 
if the TVB-N value 
     
 
 
 
 
 
 
 
 
 
 
   
 
 
 
Figure 7: The experimental results of the changes of TVB-N contents of the samples with storage time. 
is more than 25mg/100 g, the meat is completely rotten [37], as shown in Table 2. From Figure 7, it can be seen 
that (1) the pork and chicken samples were fresh in the first 2 days, (2) the quality declined from the third day, 
and (3) pork samples were fresh on the 3rd and 4th days and metamorphic on the 5th day, while chicken samples 
were fresh on the 3rd to 5th days and metamorphic on the sixth day. 
4.2. E-Nose Analysis for Storage Time Detection. Figure 8 shows the responses of six MOS sensors for pork 
(Figure 8(a)) and chicken (Figure 8(b)) were stored for 2 days. It can be seen that the across-sensitivity response 
of sensors to target odours is indicated by the wide variability of the outputs of sensors. In addition, the sensors 
have different responses to pork and chicken, which indicates that the composition and contents of volatile 
gases in the two kinds of meats are different. However, the variation trend of the signals of different sensors in 
meats is similar, gradually 
increasing from 5s to 20 s and then becoming steady after 20 s. This is because the headspace gas 
gradually contacts the sensor from 5s. Sensor S5 (TGS2620) is the most sensitive to the headspace gas 
of both pork and chicken, yet sensor S2 (TGS2611) reacts minimally. This indicates that there are more 
alcohols and less alkane contents in the volatile components of meats. 
The maximum value of each sensor is selected as the characteristic variable for PCA analysis. Figure 
9 shows the results of PCA analysis of pork (Figure 9(a)) and chicken (Figure 9(b)) at different storage 
times. For the pork, PC1 and PC2 cumulatively contribute 90.30% of the variance in data while this value 
for the chicken is 91.37%, which shows that the first two principal components can provide the sufficient 
information to explain the difference in the smell of the pork and chicken emitted during different storage 
time. From the projection of the two-dimensional plane composed of PC1 and PC2, it can be seen that 
fresh meat, subfresh meat, and rotten meat are obviously distributed in different regions. For the pork, 
fresh meat (0-2 days) is in the upper part of the figure, sub-fresh meat (3-4 days) is in the right side of the 
figure, and the rotten meat (5-7 days) is in the lower left part of the figure. For the chicken, fresh meat (0-
2 days) is in the lower left part of the figure, subfresh meat (3-5 days) is in the upper part of the figure, 
and rotten meat (6-7 days) is in the lower right part of the figure. 
Table 2: Relationship between meat freshness and TVB-N [37]. 
Freshness TVB-N mg/100 g) 
Fresh Less than 15 
Subfresh Between 15 and 25 
Rotten More than 25 
 
 At the same time, it is possible to distinguish the meat samples from different storage days. So based on 
the PCA analysis, our electronic nose can be used to classify the smell of meat at different storage times 
perfectly, which is consistent with previous research by some scholars [40, 41]. 
4.3. CV Analysis for Storage Time Detection. In order to eliminate the interference of the shadow around 
the image and the edge information of the meat, the 200 × 200 pixel area of the middle of the image was 
selected for analysis. According to a previous literature, most studies used the extracted image RGB (red, 
green, blue) colour models, HSI (hue, saturation, intensity) and L ∗ a ∗ b ∗ colour space information as 
sources of data for CV analysis [42, 43], and it achieves very good classification results. RGB is a 
hardware-oriented colour model. HIS is a colour model developed to adapt to human eyes’ perception 
and description of colour. L ∗ a ∗ b ∗ is independent with hardware, so it makes up for the shortage that 
RGB mode depends on the colour characteristics of equipment. The 3 colour models offer more 
information from different colour patterns. Therefore, in this paper, the RGB mean (−R, −G, −B), HIS 
mean (−H, −S, −I), and L ∗ a ∗ b ∗ mean (−L∗, −a∗, −b∗) of the image were extracted as the characteristic 
variables for the statistical analysis of the samples. 
Figure 10 shows the PCA analysis of CV data for pork (Figure 10(a)) and chicken (Figure 10(b)) at 
different storage times. The contribution variances of cumulative data for pork and chicken by PC1 and 
PC2 are 92.03% and 92.37%, respectively. From the projection of the two-dimensional plane composed 
of PC1 and PC2, it can be seen that fresh meat, subfresh meat, and rotten meat are clearly distributed in 
different regions. For the pork, the fresh meat (0-2 days) is in the upper part of the figure, the subfresh 
meat (3-4 days) is in the right side of the figure, and the rotten meat (5-7 days) is in the lower left part of 
the figure. For the chicken, the fresh meat (0-2 days) is in the upper left corner of the figure, the subfresh 
meat (3-5 days) is in the upper middle of the figure, and the rotten meat (6-7 days) is in the lower right 
part of the figure. At the same time, it is possible to distinguish the meat samples from different storage 
days. So, based on PCA analysis, it is believed that the CV is another perfect technology to distinguish 
meat odours at different storage times. 
4.4. AT Analysis for Storage Time Detection. In AT, there are four parameters: the maximum pressure 
(Fmax), the work done by the touch process (W1), the work done by the 
  
 
 rebound process (W2), and the rebound amount (L). They are the typical characteristic variables of the 
artificial haptic system. They can be expressed as 
 
 
Figure 11 shows the PCA analysis results of AT data for pork (Figure 11(a)) and chicken (Figure 
11(b)) at different storage times. The cumulative contribution variances of the first two principal 
components of pork and chicken are 
82.01% and 87.73%, respectively, so these first two PCs represent most of the information. However, it 
can be seen that the PCA projection cannot be used to distinguish meat samples with different storage 
times. This is because the changes in meat freshness are a complex biochemical change, in which the 
meat structure is gradually destroyed; the rubbery state of meat has large nonlinear deformation and 
viscoelastic material properties [44]. PCA as a linear pattern recognition tool cannot use to solve this 
kind of classification problems. So it can be concluded that it is not feasible to use the data from a 
single kind of sensors for the meat freshness detection. Therefore, in this paper, the multisensor data 
fusion technology will be used for further analysis to achieve the reliable meat freshness detection. 
 
  
 
Data Fusion Analysis for Storage Time Detection. The multisensor data fusion technology can be                        
used to effectively integrate the outputs of multiple instrument source data for reliable food quality 
assessment and certification [29]. The midlevel fusion strategy involves the fusion of the original data 
matrix feature variables. In this study, 6 E-Nose feature variables, 9 CV feature variables, and 4 AT 
feature variables were used to form a new characteristic matrix for PCA analysis. Figure 12 shows the 
results of PCA analysis of fusion data for the pork (Figure 12(a)) and the chicken (Figure 12(b)) at 
different storage times. The first two main components represent most of the information (93.47% for the 
pork and 95.40% for the chicken). In addition, the PCA projection plots are clearly divided into three 
zones representing fresh meat, subfresh meat, and rotten meat. For the pork, the fresh meat (0-2 days) is 
in the lower right of the figure, the subfresh meat (3-4 days) is in the upper right of the figure, and the 
rotten meat (5-7 days) is in the left side of the figure. For the chicken, the fresh meat (0-2 days) is in the 
right side of the figure, the subfresh meat (3-5 days) is in the middle of the figure, and the rotten meat (6-
7 days) is in the left side of the figure. At the same time, it is possible to distinguish meat samples from 
different storage days. Compared with E-nose and CV, the PCA results of the data fusion of the three 
detection techniques show that the projection is more aggregated and this data fusion analysis method 
can be used to clearly distinguish the meat samples with different freshness levels and storage times. 
 
  
 
To further verify the effectiveness of this fusion method, this study continues to use the supervision 
mode identification method (SVM) for the sample classification, using the single detection method and 
the combination method for data modelling, respectively. The model input is consistent with the PCA 
model input above and is a feature variable extracted by each detection method. The radial basis function 
is used as the kernel function of the SVM. The penalty parameter C and the kernel function parameter γ 
are optimized using the grid search algorithm. The optimal values have been obtained for parameters C = 
0:48539 and γ = 5. 
 
 
 
 The classification results are shown in Table 3. 
Table 4 shows the values of the quality metrics of the classification models under different data 
variables. The sensibility and specificity were 0.91 and 0.71 for pork and 0.92 and 0.70 for chicken. 
From Tables 3 and 4, it can be seen that 
(1) if the single detection method is used for SVM identification, the E-Nose has the most important 
effect, and the AT recognition rate is the lowest, which is consistent with the results of PCA 
analysis 
(2) if the two detection methods for data fusion are used for SVM recognition, the effect of the fusing 
E-Nose and CV is the most prominent, and the effect of fusing CV and AT is the lowest 
(3) the effect of fusing three methods is better than all other methods 
(4) the data fusion effect of multiple detection methods represents the rich information of the meat 
freshness, which is in line with the research results of Huang et al. [27] 
Besides, the above analysis shows that the volatile odour emitted during the process of the meat 
spoilage is most related to its freshness, while the rubbery state and freshness have the smallest 
correlation. The data fusion of the two detection methods also illustrates this phenomenon. 
4.6. Fusion Data Analysis for Meat Freshness Detection. The above analyses have shown that the data 
fusion of E-Nose, CV, and AT technologies can effectively distinguish meat samples of different storage 
times and hence can be used for detecting the storage days of the meats. In this section, the data fusion 
method is used to predict meat freshness. Since TVB-N is the widely accepted standard for assessing the 
freshness of meat, it is feasible to use TVB-N to predict the freshness of meats. In this paper, the PLS 
regression model was firstly established and the fusion data of the three methods was used as the model 
inputs and the outputs of the TVB-N values. Figure 13 shows PLS model prediction results of the pork 
and chicken. The x-axis is the measurement, and the y-axis is the prediction. The ideal prediction is that 
all points will be diagonally aligned along the graph and the predicted and measured values are the same. 
As can be seen from the figure, all the points are closely located around the diagonal line, which indicates 
that the prediction results are satisfactory. In addition, the root mean square error (RMSEP) of the pork 
and chicken predictions is 1.21 and 0.98, respectively, and the coefficient of the determination (R2) is 0.91 
and 0.94, respectively, which also demonstrates the high correlation between fusion data and TVB-N 
 analysis. These results confirm that the fusion of the three detection techniques can be used to reliably 
predict the meat freshness. 
 
 
 
 
 
 5. Discussions 
Based on the test and data analysis results in Section 4, the following findings can be summarised. 
E-Nose and CV technologies can be used to detect the storage time of the meats while AT cannot. The 
freshness detection accuracy of E-Nose is the highest, followed by CV and then by AT, which means that 
the most variable parameter of meat freshness is odour and the least variable parameter is rubbery. 
Though individual E-Nose, CV, and AT sensory technologies have been used to detect the meat freshness, 
the detection results vary and are not reliable. So these three technologies should be applied in the 
integrated way for the effective and reliable detection of the meat freshness. Data fusion analysis methods 
can be used to analyse the data with different dimensions and units, from the various sensors used in the 
system. The proposed method can be used to detect both the meat storage time (days) and meat freshness. 
Different fusion methods have been proposed and reported to have relatively satisfactory performance 
for meat freshness detection, such as E-Nose, CV, near infrared spectroscopy fusion [27], and E-Nose 
and electronic tongue fusion [28]. Comparing these methods with the method proposed in this paper, near 
infrared spectroscopy equipment is complex, sensitive to environmental interference, of high price, and 
not feasible to commercial applications. An electronic tongue sensor is easily affected by environmental 
conditions, i.e., temperature and humidity, which may cause sensor drift. The fusion of E-Nose, CV, and 
AT does not have those shortcomings and is easy to develop into a commercial meat freshness detection 
tool. 
Though the above findings are meaningful for the future design and development of the systems for 
the on-line and real-time meat freshness detection and storage time in days, more experiments should be 
carried out on the large meat samples to obtain the sufficient data for optimising the system design and 
increasing data analysis accuracy. 
6. Conclusion 
Meat freshness detection is important to meat safety. The traditional methods cannot be used to meet the 
requirements of rapid and objective detection of meat freshness. E-Nose, CV, and AT sensory 
technologies which can be used mimic humans’ compressive sensory functions of smell, look, and touch 
when making judgement of meat quality (freshness). 
Though individual E-Nose, CV, and AT sensory technologies have been used to detect the meat 
freshness, the detection results vary and are not reliable. So these three technologies should be applied in 
the integrated way for the effective and reliable detection of the meat freshness. 
 Data fusion analysis methods can be used to analyse the data with different dimensions and units, from 
the various sensors used in the system. 
A new method has been proposed through the integration of E-Nose, CV, and AT sensory technologies 
and data fusion analysis algorithms for effective meat freshness detection. 
The pork and chicken meats have been selected for the validation test. The unsupervised (PCA) and 
supervised (SVM) pattern recognition and data fusion methods have been applied for analysing the 
complicated data with different dimensions and units of six odour parameters of E-Nose, 9 colour 
parameters of CV, and 4 rubbery parameter of AT. The experimental and data analysis results show that 
the proposed method can be used to detect both the meat storage time (days) and meat freshness. 
Though the findings in this paper are meaningful for the future design and development of the systems 
for the on-line and real-time meat freshness detection, more experiments should be carried out on the 
large meat samples to obtain the sufficient data for optimising the system design and increasing data 
analysis accuracy. 
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